Introduction {#Sec1}
============

One of the current challenges in the world is the integration of Non-Conventional Renewable Energy (NCRE) sources into the global energy matrix. Among these sources, wind energy presents great challenges for its integration, where one of its critical factors is its stochastic nature. In this context, it is necessary to have different forecasting tools that allow us to make better schedule of the different sources that make up an electrical matrix, such that it allows us to support the operational and economic tasks of the system \[[@CR9]\]. Among the models proposed in the literature, Recurrent Neural Networks (RNNs) have reported good performance in wind energy forecasting.

In particular, the ESN+LSTM recurrent neural network proposed in \[[@CR12]\] has showed good performance in this task. Therefore, in this paper, we compare the ESN+LSTM model against its base models: LSTM and ESN.

To evaluate these models, we use a dataset from a wind farm in NorthEast Denmark. The time series to model is formed by wind speed, wind direction, temperature, month, day, hour, and wind power. Standardized metrics will be used, measuring cumulative performance, because we will address the multi-ahead step forecasting problem. In addition, the Taylor diagram is used to draw some conclusions about the performance of the models, as well as a parametric and non-parametric test to validate some results.

The rest of the paper is organized as follows. In Sect. [2](#Sec2){ref-type="sec"} we describe the context of wind power problem. Section [3](#Sec3){ref-type="sec"} we describe briefly the recurrent networks that will be compared. Next, we describe the experimental setting on which we tested the models and we review the results. Finally, the last section is devoted to conclusions and future work.

Wind Power Generation {#Sec2}
=====================

The wind power generation is the result of transforming the kinetic energy of the wind into electrical energy, traditionally by rotating turbine blades. The power output from a wind turbine can be calculated by the following equation:$$\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
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                \begin{document}$$\rho $$\end{document}$ is the density of the air, *R* is the length of blades plus the rotor radius, $\documentclass[12pt]{minimal}
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                \begin{document}$$v_1$$\end{document}$ is wind speed that enters the turbine, and $\documentclass[12pt]{minimal}
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                \begin{document}$$C_p$$\end{document}$ is a coefficient of power provided by the manufacturer, with a theoretical upper limit of 16/27, known as Betz limit. Note that the power output is proportional to the wind speed, which it has a stochastic nature, depending on different meteorological factors, hindering its integration into the existing electricity supply system \[[@CR9]\].

In the literature, there are different proposals to address wind power forecasting, being possible group by in four categories \[[@CR3], [@CR9]\]: (i) persistence method, that simply replicates the last recorded value to make the forecast; (ii) physical methods that takes a detailed description of the physical conditions of the wind farm (including turbines, terrain geography, and meteorological conditions) to model the wind power by means of differential equations and downscaling techniques \[[@CR10], [@CR13]\]; (iii) statistical methods that try to exploit the possible underlying dependency structure of data, under certain assumptions, by time series modeling techniques \[[@CR2], [@CR11]\]; (iv) machine learning methods that attempt to discover underlying relationships of dataset, without an a priori structural hypothesis \[[@CR5], [@CR14]\].

The last category has been received special interest nowadays, achieving great performance in different tasks. Particularly in wind power forecasting, the recurrent neural network models stand out from other machine learning methods since it would allow modeling time series in a natural way.

Forecasting Models {#Sec3}
==================

In this section, we present three approaches of recurrent neural networks, which aim to solve the vanishing gradient problem, and have been reported good performances in time series modeling. Further, we use these models for experimental comparisons.

**Long Short-Term Memory (LSTM)**

In \[[@CR6]\] is proposed a class of recurrent network replacing the basic unit (neuron) of a traditional network by a *block of memory*. This block contains one or more *memory cells*. Each memory cell is associated with "gates" (activation functions) for controlling the information flow moving through the cells. Each auto-connected memory cell is so-called "Constant Error Carousel" (CEC) linear unit, whose activation is the state of the cell as shown in Fig. [1](#Fig1){ref-type="fig"}. The CEC solves the problem of vanishing (or explosion) gradient \[[@CR1]\]. Since the local error back flow remains constant within the CEC, without growing or decreasing, while not a new entry or external signal error appears. However, its training process can be computationally expensive, due to the complexity of its architecture. Besides, it might overfit depending on the values of its hyperparameters such as the number of blocks, the learning rate or the maximum number of epochs.Fig. 1.LSTM architecture with 1 block and 1 cell. Fig. 2.ESN topology.

**Echo State Network (ESN)** Another RNN that has performed well in time series forecasting is the model proposed by Jaeger \[[@CR8]\]. This model is very simple and easy to implement, consists of three layers (input, hidden and output), where the hidden layer is formed by a large number of perceptron kind neurons, with a low rate of connectivity among them (allowing self-connections), and they are randomly connected as depicted in Fig. [2](#Fig2){ref-type="fig"}. An interesting property is all weights are initialized randomly (usually using a normal o uniform centred on zero). Next, it rescales the recurrent weight matrix to get a spectral radius close to one. Finally, only the output layer weights are fixed using a ridge-regression. The output hidden neurons is computed by the following expression,$$\documentclass[12pt]{minimal}
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                \begin{document}$$a \in [0,1]$$\end{document}$ is a leaking rate that regulates the speed update of the internal dynamics, i.e., it is adjusted to match the speed of the dynamics of *x*(*t*) and $\documentclass[12pt]{minimal}
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                \begin{document}$$\hat{y}(t)$$\end{document}$ is the output of the network at time *t*. Moreover, $\documentclass[12pt]{minimal}
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                \begin{document}$$f(\cdot )$$\end{document}$ is a hyperbolic tangent activation function and $\documentclass[12pt]{minimal}
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                \begin{document}$$\text{ net }(t)$$\end{document}$ is the input signal to the neuron. Furthermore, as the hidden states are initialized to zero $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$s(0)=0$$\end{document}$, it is necessary to define the number of steps $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$\theta $$\end{document}$ that the recurrent states are updated without being considered in the process of adjusting the output layer. The above is because the states are initialized to zero, $\documentclass[12pt]{minimal}
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**Echo State Network with Long Short-Term Memory (ESN+LSTM)** Given the advantages and some limitations identified on LSTM and ESN models, ESN+LSTM \[[@CR12]\] is proposed to integrate the architecture of an ESN with LSTM units as hidden neurons (see Fig. [3](#Fig3){ref-type="fig"}). This proposal permits to train all network weights through the following strategy: i) The input and hidden layer is trained by an online gradient descent (OGD) algorithm with one epoch, using as target the input signal; ii) Next, the output layer is adjusted with a regularized quantile regression, using as target the desired output; iii) Finally, the whole network is trained with an OGD algorithm with one epoch and the desired target.Fig. 3.ESN+LSTM topology.

The first step aims to extract characteristics automatically as the autoencoder approach. The second step aims to use a quantile regression in order to obtain a robust estimate of the expected target. It should be noted that the hidden layer is sparsely connected, and its weights matrix keep a spectral radius close to one. In this model, the main hyperparameters to be tune are the hidden units number, the spectral radius, and the regularization parameter.

Experiments and Results {#Sec4}
=======================

For assessing the presented models, we use a dataset from the Klim Fjordholme wind farm (57.06$\documentclass[12pt]{minimal}
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                \begin{document}$$^{\text{ o }}$$\end{document}$E) \[[@CR7]\], that consists of generated power measurements and predictions of some meteorological variables (wind speed, wind direction and ambient temperature).

We work with hourly time series, no missing values. The dataset is composed of 5376 observations, starting at 00:00 on 14 January 2002 to 23:00 on 25 August 2002. The attributes considered to model are: wind speed, wind direction, temperature, month, day, hour and wind power. All features are normalized to the $\documentclass[12pt]{minimal}
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                \begin{document}$$[-1,1]$$\end{document}$ range using the min-max function and predictions are denormalized before computing the performance metrics.

A cross-validation approach is used to train and select the best hyperparameters configuration. The time series is divided into $\documentclass[12pt]{minimal}
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                \begin{document}$$R = 10$$\end{document}$ subseries, and the performance of each model is evaluated in each of them (see Fig. [4](#Fig4){ref-type="fig"}).Fig. 4.Time series split scheme for cross-validation approach

To evaluate the performance of the models, we use some standardized metrics: Mean Squared Error (MSE) and the Mean Absolute Error (MAE). Additionally, we show a Taylor diagram to compare graphically the Pearson correlation coefficient ($\documentclass[12pt]{minimal}
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                \begin{document}$$\rho $$\end{document}$), the root-mean-square error (RMSE), and the standard deviation (SD). In this work, the performance will be checked over multi-step ahead forecasting, which is generated using the multi-stage approach \[[@CR4]\].

For a single subseries *r*, the different metrics are based on the error $\documentclass[12pt]{minimal}
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                \begin{document}$$T+h$$\end{document}$ of subseries *r*, *T* is the index of the last point of the series used during training, *h* is the number of steps ahead, and $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
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                \begin{document}$$T+h$$\end{document}$ generated by the model for subserie *r*. Then, the metrics are calculated by the following equations,$$\documentclass[12pt]{minimal}
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                \begin{document}$$\begin{aligned} \text{ MAE }_{(r)} = \frac{1}{H} \sum _{h=1}^H |e_r(T+h|T)|, \text{ MAE } = \frac{1}{R} \sum _{r=1}^R \text{ MAE }_{(r)}, \end{aligned}$$\end{document}$$where *R* is the total number subseries, and *H* is the ahead step limit used.

The parameters that will be tuning for the different networks are shown in Table [1](#Tab1){ref-type="table"}. For the ESN and ESN+LSTM, first we tune the number of hidden units, keeping fixed $\documentclass[12pt]{minimal}
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Figure [5](#Fig5){ref-type="fig"} shows the MSE for different values of *H* used. It can be seen that ESN+LSTM achieves a lower error, extending this advantage from $\documentclass[12pt]{minimal}
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Although ESN+LSTM achieves the lowest error in terms of MSE and MAE for different *H*, this advantage may be due to the randomness of the system. Then, a hypothesis test for paired samples will be evaluated, since each model was tested with the same sub-series, to later build the global indicators.$$\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$\begin{aligned} \text{ Test } \text{1 } \qquad&H_0: \mu _{esn} \le \mu _{esn+lstm} \quad \ \text{ vs } \quad H_1: \mu _{esn}> \mu _{esn+lstm} \\ \text{ Test } \text{2 } \qquad&H_0: \mu _{lstm} \le \mu _{esn+lstm} \quad \text{ vs } \quad H_1: \mu _{lstm} > \mu _{esn+lstm} \end{aligned}$$\end{document}$$For both cases, a parametric and nonparametric test will be used: t-test and wilcoxon-test. Table [2](#Tab2){ref-type="table"} and [3](#Tab3){ref-type="table"} show the p-values to validate the statistical significance if MSE of ESN+LSTM is lower than other models.

Using the t-test, it is observed that in the case of Test 1, ESN+LSTM is significantly lower than ESN from $\documentclass[12pt]{minimal}
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When using the MAE metric, the Table [4](#Tab4){ref-type="table"} shows the results of applying the t-test. We observe that ESN+LSTM is significatively lower than ESN from $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$H=4$$\end{document}$ to $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$H=14$$\end{document}$ for a significance level of 10%. While in Test 2, ESN+LSTM model presents a better performance from $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$H=1$$\end{document}$ to $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$H=6$$\end{document}$ to a significance level of 10%. Finally, Table [5](#Tab5){ref-type="table"} shows the results using the wilcoxon-test for MAE. The ESN error improvement is presented when $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$H \in \{4,\ldots ,12\}$$\end{document}$ and $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$H=14$$\end{document}$. And when $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$H \in \{1, \ldots , 7\}$$\end{document}$, ESN+LSTM improves to LSTM with a 10% of significance.
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Conclusions and Future Work {#Sec5}
===========================

This work compares the performance of three recurrent neuronal networks for wind power forecasting task. The experimental results show that the ESN+LSTM model is able to capture the underlying dynamics and to predict several steps ahead better than ESN and LSTM models. Since the metrics used were defined cumulatively, it is expected that all three models will exhibit an increase in error as the forecast horizon increases. As our results show, the performance of the chosen networks begins to deteriorate as *H* grows. However, at least up to $\documentclass[12pt]{minimal}
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                \begin{document}$$H = 1, 2, 3$$\end{document}$) and outperformed LSTM during the first 6 steps ahead. Similar behavior is observed in the other cases. The above suggests that ESN+LSTM model is a good alternative to consider for short-term forecasting, especially considering that this model uses just 2 epochs, while the LSTM needs more epochs to learn the time series. As a future work, we would like to test these models using more data from other locations around the world. Also, given that ESN+LSTM uses as hidden units LSTM blocks, it would be interesting to evaluate the performance of this model by changing those units to GRU blocks. Finally, one can explore the capabilities of these networks to address the problem of prediction intervals.
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